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ABSTRACT
Rudolph, Johanna M. Ph.D., Purdue University, December 2013. Predicting Language Impairment Status: A Risk Factor Model. Major Professor: Laurence B.
Leonard.
The etiology of specific language impairment (SLI) is multifactorial. Research
has shown that genetic, environmental, and developmental factors may influence the
course of its development. Because many of these factors are present even before
a child is born, it is possible that a child’s risk of developing the disorder can be
identified long before grammatical deficits are observed. The goal of this study was
to develop and validate a screening tool to discriminate between children with SLI
and typically developing (TD) children using only risk factor information including
gender, family history of communication or reading disorders, socioeconomic status,
maternal and paternal education level, birth order, premature birth, and birth weight.
Participants included 211 children between the ages of 4;0 and 7;0. Two diagnostic
classification schemes were used to examine the effects of clinical sample heterogeneity on risk factor model accuracy. In the first scheme, children were classified as
SLI or TD based on their performance on a standardized expressive language test
(SPELT classification). In the second scheme, children were classified based on their
combined performance on both the standardized test and a measure of tense and
agreement morpheme use (SPELT-FVM classification), thereby limiting the clinical
sample to children with specific deficits in grammatical morphology. Step-wise logistic regression and five-fold cross-validation were used to derive risk factor models,
probability equations, and cut-off scores for the two classification groups. Sensitivity, specificity, likelihood ratios, and diagnostic odds ratios were calculated for each
cut-off value. Family history and maternal education arose as highly significant vari-

xi
ables in both models. Gender was also included in the SPELT-FVM classification
model. By design, the sensitivity of these models was high, but their specificity levels
were inadequate for clinical use. A behavioral measure, late word combiner status
at 24 months, was added to both models resulting in a substantial increase in diagnostic accuracy. With the behavioral measure, the SPELT-FVM classification model
yielded a sensitivity of 91%, a specificity of 72%, a positive likelihood ratio of 3.24,
and a negative likelihood ratio of 0.12. Based on diagnostic odds ratio values, this
model was more accurate than all previous risk factor models and more accurate than
current early identification screening methods. Although further verification of this
model is needed, it may become an efficient and effective tool for identifying toddlers
at risk for developing SLI, thereby leading to earlier diagnoses and better-targeted
early intervention efforts.

1

1. INTRODUCTION
Specific language impairment (SLI) is a highly prevalent developmental communication disorder characterized by exceptionally poor language skills in the presence of
otherwise typical cognitive, sensory, and motor abilities. The etiology of this condition is elusive, making SLI a diagnosis of exclusion (Leonard, 1998). As toddlers,
some children with SLI exhibit delayed vocabulary acquisition or difficulty forming
multi-word utterances, but many provide no evidence of an underlying linguistic
impairment (Dale, Price, Bishop, & Plomin, 2003; LaParo, Justice, Skibbe, & Pianta, 2004). During the preschool and kindergarten years, weaknesses in language
production grow more apparent as difficulties with grammatical morphology and syntax emerge. As language skills begin to depart perceptibly from those of same-age
peers, a child with SLI may become socially isolated or withdrawn (Brinton, Fujiki,
Spencer, & Robinson, 1997; Hadley & Rice, 1991). If spoken language delays persist,
deficits in reading and spelling could also develop (Bishop & Adams, 1990; Catts,
Fey, Tomblin, & Zhang, 2002), which may result in an arduous educational career
and poorer academic outcomes for these individuals (Young et al., 2002). Although
definitive symptoms of SLI often do not appear until the late preschool years, its
effects are long-term and far-reaching.
Fortunately, research suggests that language intervention can forestall this devastating progression of events, particularly if it is provided during the first three years of
a child’s life (Karoly, Kilburn, & Cannon, 2005). At this early stage of development,
children are less likely to have developed secondary social, emotional, or behavioral
deficits because of their difficulties with communication. Furthermore, the trajectory
of language acquisition is significantly easier to influence during this period because
error patterns have not become entrenched and brain plasticity is at its height (Bates
et al., 2001; Vicari et al., 2000).
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Of course, the diagnosis of a disorder must precede its treatment. Hallmark symptoms of SLI include difficulties with use of tense and agreement morphemes such as
third person singular –s, past tense –ed, and copula and auxiliary forms of be. These
deficits effectively distinguish this clinical population from children with normal language skills (Rice & Wexler, 1996); however, even typically developing children do
not consistently produce these grammatical markers until the age of four or five years
(Brown, 1973). Thus, other characteristics must serve as a basis for early diagnosis.
Currently, early intervention efforts focus on late talkers – a group of toddler-age
children with severely delayed expressive vocabulary development (Paul & Jennings,
1992). This approach assumes that many of those children who exhibit early vocabulary delays are the same children who will later develop SLI. However, studies
have shown that less than 20% of late talkers persist in their language difficulties
(Ellis Weismer, 2007; Paul, 2000; Rescorla, 2002) and that not all children with SLI
were once late talkers (Dale et al., 2003; LaParo et al., 2004). This approach, therefore, results in misidentification of children who will spontaneously recover from early
delays and under-identification of children who are truly in need of early intervention
services.

1.1

A Different Approach to Early Identification
Much previous work has been dedicated to investigating early behavioral pre-

dictors of SLI such as vocabulary size and composition (Olswang, Long, & Fletcher,
1997), receptive language (Thal, Tobias, & Morrison, 1991), phonology (Carson, Klee,
Carson, & Hime, 2003), social skills (Rescorla & Merrin, 1998), symbolic play and
gesture use (Thal, Bates, Goodman, & Jahn-Samilo, 1997), cognition (Bishop & Edmundson, 1987), and information processing (Fernald & Marchman, 2012). Many of
these studies have yielded mixed results, and no clear diagnostic marker of SLI has
emerged.
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Some researchers have proposed that screening children for the presence of key risk
factors might be a viable method of early identification (Stanton-Chapman, Chapman,
Bainbridge, & Scott, 2002; Tomblin, Hardy, & Hein, 1991; Tomblin, Smith, & Zhang,
1997). This approach is an attractive alternative to behavior-based assessment for
several reasons. First of all, risk factors are likely to be causal influences rather than
potential side effects of an underlying problem. As such, they may be better indicators
of long-term outcomes than performance on a task that is only indirectly related to
the disorder itself. Second, risk factors include familial, environmental, genetic, or
developmental characteristics that are present at birth, whereas behavioral delays
can only be measured once they become sufficiently pronounced. Risk factor models,
therefore, may be used at a much earlier stage of development and can reduce the
likelihood that children who exhibit no early signs of a disorder will go unidentified.
Finally, risk factor identification does not require special training in communication
disorders. Thus, hospital staff could administer this type of screening tool shortly after
a child’s birth following the example of other universal newborn screening procedures.
Parent education and developmental surveillance programs could then be established
to ensure that children who are at risk are monitored and treated at the earliest signs
of a delay. The primary goal of the current study is to develop and validate such a
screening tool.

1.2

SLI Risk Factors
Risk factor studies have sought to predict a wide range of language outcomes in-

cluding expressive vocabulary delay (Fischel, Whitehurst, Caulfield, & DeBaryshe,
1989; Henrichs et al., 2011; Horwitz et al., 2003; Whitehurst et al., 1991), late language emergence (Zubrick, Taylor, Rice, & Slegers, 2007), phonological disorders
(Campbell et al., 2003; Fox, Dodd, & Howard, 2002), low language performance
(Choudhury & Benasich, 2003), or some combination of impairments (Dale et al.,
2003; Roulstone, Peters, Glogowska, & Enderby, 2003; Tomblin et al., 1991). Among
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these studies, only nine have investigated risk factors specific to SLI. The participants have ranged from 4 to 14 years of age and met all of the usual SLI criteria
including normal hearing acuity, normal oral motor structure and function, cognitive
ability within the normal range, no evidence of neurological disorder or autism, and
monolingual English-speaking background. The type of language impairment was
generally left free to vary, so these studies included participants with receptive language impairments, expressive language impairments, and mixed receptive-expressive
impairments. Despite differences in participant age and language abilities, the findings across the studies have been fairly consistent. Factors most often associated with
an outcome of SLI include family history of speech, language, or reading disorders,
socioeconomic status (SES), and low parental education level. Factors occasionally
associated with SLI include male gender, later birth order, premature birth, and low
birth weight.

1.2.1

Family History

Research strongly suggests that SLI is a genetically inherited disorder. Twin studies have shown that the concordance of language impairment is significantly higher
among monozygotic twins than among dizygotic twins (Bishop, North, & Donlan,
1995; Lewis & Thompson, 1992; Tomblin & Buckwalter, 1998), and studies of familial aggregation have found that the occurrence of communication disorders among
immediate family members of SLI probands is approximately five times higher than
among family members of typically developing controls (Neils & Aram, 1986; Rice,
Haney, & Wexler, 1998; Tallal et al., 2001; Tomblin, 1989). It is not surprising, then,
that family history was found to be a significant predictor of SLI in five out of five
risk factor studies (Bishop et al., 2012; Reilly et al., 2010; Tallal et al., 2001; Tallal,
Ross, & Curtiss, 1989; Tomblin, Smith, & Zhang, 1997). In all of these investigations, parent report was used to obtain information about disorders in first-degree
relatives. The questionnaires asked about a variety of impairments including late
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talking, stuttering, and difficulties with language, speech, reading, writing, learning,
and/or academics. The proportion of children with a positive family history in the
SLI group was, on average, at least twice the proportion found in the control group
(63% vs. 30%). Furthermore, a positive family history nearly doubled a child’s odds
of developing SLI. These results provide further evidence for genetic transmission of
SLI; however, investigators are careful to point out that communication disorders
in immediate family members may also affect a child’s language learning environment (Tomblin, 1989; Tomblin, Smith, & Zhang, 1997). Thus, the influence of this
particular risk factor may be both genetic and environmental.

1.2.2

Socioeconomic Status

Researchers have demonstrated that SES can affect the quality and quantity of
language input that children receive (Bornstein, Haynes, & Painter, 1998; Hart &
Risley, 1995). One study indicated that mothers from lower SES backgrounds use
less diverse vocabulary and fewer and shorter utterances during interactions with their
children than do mothers from high SES backgrounds (Hoff, 2003). Three risk factor
studies have explored the relationship between SES and SLI status. The measures of
SES have differed across these studies – Paul and Fountain (1999) used an updated
version of the Hollingshead Four-Factor Index (Hollingshead, 1975), LaParo et al.
(2004) used an income-to-needs ratio, and Reilly and colleagues (2010) used a censusbased Index of Relative Disadvantage. Nonetheless, the results have unanimously
shown that SES is significantly associated with children’s language outcomes, even
when the range of SES levels reported by participating families is relatively limited.
These findings indicate that the environmental effects of living in a low SES household
may substantially impact a child’s language development.
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1.2.3

Parent Education

Maternal education has been associated with a variety of child characteristics including health status (Desai & Alva, 1998), literacy exposure (Christian, Morrison,
& Bryant, 1998), and vocabulary and language development (Dollaghan et al., 1999).
Though closely related to SES, research suggests that these two factors may independently impact child outcomes (Reilly et al., 2010; Victoria, Huttly, Barros, Lombardi,
& Vaughan, 1992). Four out of five studies found that low parental education level is
significantly associated with SLI (Reilly et al., 2010; Stanton-Chapman et al., 2002;
Tomblin, Smith, & Zhang, 1997; Weindrich, Jennen-Steinmetz, Laucht, Esser, &
Schmidt, 2000). Tomblin et al. found that children whose parents did not complete
high school were three times more likely to be diagnosed with SLI. Stanton-Chapman
and colleagues found a significant association between maternal education and SLI
even when controlling for a host of other risk factors. Only Bishop et al. (2012)
did not find an association, perhaps owing to the measure used in this study. They
defined maternal education level as the age at which the mother stopped receiving
full time education. Overall, these findings indicate that parent education is a robust
predictor of language status; however, the mechanism of influence is unclear. It is
plausible that parents who did not complete high school suffer from a language or
learning disorder that affected their academic progress. The genes for this disorder
might then be passed to their children. It is also plausible that parents with different
levels of academic training provide different types of language input to their children.
Parent education may, therefore, reflect both genetic and environmental influences.

1.2.4

Gender

The increased prevalence of SLI among males has been observed in a number of
studies (e.g., Tomblin, Records, et al., 1997), and investigations of familial aggregation have found a higher prevalence of communication disorders among fathers and
brothers than among mothers and sisters of SLI probands (Neils & Aram, 1986; Rice
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et al., 1998; Tallal et al., 1989; Tomblin, 1989; Tomblin & Buckwalter, 1994; Tomblin,
Smith, & Zhang, 1997). However, studies that have investigated whether gender is
predictive of SLI status have found unexpected results. Paul and Fountain (1999)
followed a group of late talkers until second grade and discovered that gender was
not a significant predictor of language outcomes. In an epidemiological study of SLI,
Reilly and colleagues (2010) found that male gender doubled the odds of having a
receptive language impairment, but did not significantly affect the odds of having an
expressive language impairment. These findings suggest that although SLI is more
prevalent among males, male gender is not always a strong predictor of SLI.

1.2.5

Birth Order

First-born children appear to have a language advantage over later-born children
(Hoff-Ginsberg, 1998). Some suggest that this results from differences in the quality
and quantity of maternal input children receive (Zubrick et al., 2007). As family size
increases, a mother’s attention becomes more and more divided resulting in reduced
levels of direct adult input for children who are born later. Three studies have investigated the relationship between birth order and language outcome for children
with SLI (Paul & Fountain, 1999; Reilly et al., 2010; Stanton-Chapman et al., 2002).
Stanton-Chapman and colleagues found that children who were third born or later
were more likely to be treated for SLI at school age. Reilly et al. similarly found
that children who were third born were more likely to have SLI, but this association
did not hold for children who were fourth born. Paul and Fountain, however, did not
observe any association between birth order and disorder persistence in their cohort
of late talkers. The findings of these studies indicate that birth order is not a consistent predictor of SLI, but may interact with other factors to affect a child’s language
outcomes.
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1.2.6

Prematurity and Birth Weight

Some theorists propose that SLI results from developmental neurological abnormalities (Locke, 1994; Ullman & Pierpont, 2005). This position is supported by
evidence of anatomical differences in the brains of individuals diagnosed with SLI
(De Fossé et al., 2004; Gauger, Lombardino, & Leonard, 1997). According to these
theories, SLI could plausibly be associated with events that affect or disrupt brain
development in early infancy. Research suggests that premature birth and low birth
weight are both related to delays in neural growth and function (Hüppi et al., 1996;
Peterson et al., 2000; Tolsa et al., 2004). Though the deficits caused by these delays
tend to be more general in their purview and to affect multiple developmental systems, the conceivable relationship between these perinatal risk factors and chronic
language difficulties led four SLI research groups to examine one or both of these
factors (Reilly et al., 2010; Stanton-Chapman et al., 2002; Tomblin, Smith, & Zhang,
1997; Weindrich et al., 2000). Reilly et al. and Tomblin et al. found no association
between these risk factors and SLI status. Stanton-Chapman et al. found that children who had been very low birth weight infants (< 1500 grams) were twice as likely
to develop SLI, but observed no association between prematurity and later language
deficits. Weindrich and colleagues found that prematurity was related to language
status when study participants were 4.5 years old, but not when they were 8 years old.
These findings indicate that preterm birth and low birth weight might influence the
trajectory of language acquisition early in life, but may not be sensitive longitudinal
predictors of SLI.
We included all seven of these well-researched risk factors in the current investigation. Based on the results of previous studies, we predicted the following: (1)
those factors that exert both a genetic and an environmental influence, including
parent education and family history, will be the strongest predictors of SLI status;
(2) developmental factors, such as prematurity and birth weight, will be the poorest
predictors; and (3) among the remaining factors, those that affect language environ-

9
ment, including SES and birth order, will be stronger predictors than purely genetic
factors, such as gender.

1.3

Risk Factor Models
A secondary goal of our study was to develop a risk factor model that is more

accurate, and, in particular, more sensitive, than those developed in previous studies. Four research groups have attempted to develop statistical models for SLI that
incorporate one or more of the seven risk factors listed above. Logistic regression
is the method of analysis commonly employed in these types of investigations. This
statistical procedure is useful for determining the relationship between a dichotomous
outcome (e.g., SLI vs. not SLI) and a series of predictor variables. The predictor variables can be dichotomous, categorical, or continuous, which makes logistic regression
more flexible than discriminant analysis (Dale et al., 2003). Two studies described
the accuracy of their model in terms of area under the receiver operating curve (ROC)
(Reilly et al., 2010; Tomblin et al., 1991). ROC values are reported as proportions.
A value of 0.5 indicates that the model’s predictive ability is no better than chance.
A value of 0.7 to 0.8 indicates that the model has moderate discriminative ability, 0.8
to 0.9 indicates good discriminative ability, and 1.0 indicates perfect discrimination
(Hosmer & Lemeshow, 2000). Three of the studies reported model accuracy in terms
of sensitivity and specificity (Dale et al., 2003; LaParo et al., 2004)(O. Ukoumunne,
personal communication, October 14, 2012). Sensitivity represents the proportion
of children from the impaired group who were classified as impaired and specificity
represents the proportion of the children from the control group who were classified
as unimpaired. Ideally, both sensitivity and specificity should be over 80%; however,
sensitivity is the more essential component in a screening situation because the majority of the children who have the disorder must be identified at this stage in the
assessment process. False positives (i.e., typically developing children who fail the
screening) can be eliminated later in the assessment series, but false negatives (i.e.,
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children with the disorder who pass the screening) are removed from further testing
before their disorder is recognized. The long-term effects are more detrimental in the
latter scenario.
In the first of the risk factor model studies, Tomblin et al. (1991) were predicting the outcome “Poor Communicator” in a group of 662 children between the ages
of 2.5 and 5 years. Poor Communicator status was ascertained through parent report of broad developmental skills and language-specific abilities. Participants had
been recruited as infants and assigned to one of three categories at birth. These
categories were “at risk for communication disorder,” “at questionable risk for communication disorder,” and “no risk for communication disorder.” Risk status was
determined based on the presence or absence of several risk factors including very low
birth weight, family history of speech and language problems, and family history of
hearing problems. Risk status and birth order were entered as predictor variables in
the logistic regression analysis. The resulting ROC value was 0.72, which indicates
that these factors showed only moderate discrimination between the impaired and
unimpaired groups.
Dale and colleagues (2003) were predicting an outcome of language impairment
in a cohort of 8,386 four-year-old twins. Their predictive model incorporated risk
factor characteristics (gender, maternal education, and frequency of ear infections)
as well as behavioral measures (vocabulary and nonverbal cognition at age two).
Specificity of the model was remarkably high at 98%; however, sensitivity was only
19%, which indicates that most of children with language impairments were classified
as unimpaired.
LaParo and colleagues (2004) used a risk factor model to predict the outcome of
resolved vs. persistent impairment in a group of 73 late talkers. At follow-up, the
children were 4.5 years old and all of the participants in the persistent group met the
criteria for SLI. The variables entered into the model included maternal sensitivity,
maternal depression, child externalizing behavior, child health history, income-toneeds ratio (SES), and home environment characteristics. Sensitivity and specificity
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of the model were 67% and 75%, respectively. Though this model did not meet the
80% cut-off for sensitivity, it had stronger psychometric properties than models from
previous studies.
Reilly and colleagues (2010) differentially predicted outcomes of expressive SLI
and receptive SLI in a group of 1,299 four-year-old children who had been enrolled
in the Early Language in Victoria Study at the age of eight months. The receptive
subgroup contained children who exhibited receptive and receptive-expressive SLI,
whereas the expressive subgroup contained children who exhibited isolated deficits
in expressive language. The initial model included a variety of child, mother, and
family characteristics, but only significant variables were maintained in the final
model. These included gender, birth weight, maternal education, SES, family history of speech, language, or reading disorders, maternal vocabulary, and late talker
status at age two. For the receptive subgroup, the ROC value was 0.77 indicating
moderate discrimination. Sensitivity was 75% and specificity was 68%. For the expressive subgroup, however, the model’s accuracy improved. The ROC value was 0.84
indicating good discrimination, sensitivity was 82% and specificity was 73%.

1.3.1

Heterogeneity

The models from these four studies cannot be directly compared because each of
them included different factors and was used to predict a different outcome. Note,
however, that model sensitivity progressively improved from study to study. Such
a result may be due, in part, to the degree of heterogeneity among the study participants. The more heterogeneous a clinical sample is, the higher the likelihood
that individual deficits stem from differing and perhaps unrelated causes. Thus, attempting to identify a single risk factor model that characterizes the entire clinical
sample becomes an exceptionally difficult task. However, the more homogeneous the
disordered population is, the higher the likelihood that deficits spring from a com-
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mon cause or series of causes. If those causes are identified, the sensitivity of the
corresponding risk factor model will be much higher.
Participant heterogeneity in the study by Tomblin et al. (1991) may have originated from multiple sources. First of all, the participant age range spanned an
unstable period from the perspective of diagnostic accuracy. Many children who were
Poor Communicators at 2.5 years may have spontaneously recovered by the time they
started kindergarten, whereas some children who appeared to be typically developing before the age of four may have started to show signs of an expressive language
impairment during the later preschool years. Therefore, it is likely that the impaired
group in the Tomblin study included late bloomers – children who will catch up to
their peers after an initially slow rate of development – and that the typically developing group included children who would later be diagnosed as SLI. A second source
of heterogeneity in the Tomblin study involved the use of a non-clinical diagnostic
category. Participants were classified as Poor Communicators based on the results of
a parent questionnaire rather than a standardized assessment instrument, and Poor
Communicator status was assigned to children who exhibited a range of cognitive,
linguistic, and motor deficits. As a result, the clinical group in this study was likely
to be highly heterogeneous consisting of children who were not truly impaired, children with isolated language impairments, and children with more severe linguistic and
non-linguistic deficits. This heterogeneity likely contributed to the fact that their risk
factor model was only moderately accurate.
The participants in the studies by Dale et al. (2003), LaParo et al. (2004),
and Reilly et al. (2010) were four years of age or older. This criterion increased
the likelihood that the assigned diagnostic categories were accurate; however, other
characteristics may have contributed to heterogeneity among the clinical samples in
these studies.
Similar to Tomblin et al. (1991), Dale and colleagues (2003) based participant
diagnoses on the results of several parent report instruments, many of which were
unstandardized and developed specifically for the study. The definition of language
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disorder was broad, encompassing the domains of vocabulary, grammar, and abstract
language. Children were diagnosed as language impaired if they exhibited deficits
in two out of three domains suggesting that diagnostic profiles were not consistent
across participants. Furthermore, the authors did not establish cognitive criteria. As
a result, the impaired group included children with and without cognitive delays. It is
possible that the sensitivity of the Dale risk factor model was low because it was only
able to identify the most extreme cases – children with severe language impairments
and below average cognitive abilities – but was not sensitive to cases that would
traditionally be diagnosed as SLI.
LaParo et al. (2004) reduced the heterogeneity in their clinical sample by excluding children with cognitive delays. At 4.5 years, the children’s language skills were
directly evaluated with the Preschool Language Scale (PLS; Zimmerman, Steiner, &
Pond, 1979), a standardized diagnostic tool that assesses both receptive and expressive language abilities. The PLS-4 is reported to have a sensitivity of 80% and a
specificity of 88% at a standard cut-off score of 85 (Spaulding, Plante, & Farinella,
2006). LaParo et al. used a cut-off score of 80. The use of a standardized test
with adequate psychometric properties, instead of parent report measures, probably
resulted in a more cohesive clinical group. It is not surprising, therefore, that the
LaParo model was more sensitive than those from previous studies.
In the study by Reilly et al. (2010), participants with cognitive delays were also
excluded from the SLI group. Language skills were assessed using an Australian adaptation of the Clinical Evaluation of Language Fundamentals-Preschool 2 (CELF-P2;
Wiig, Secord, & Semel, 2006). At a cut-off score of 85 (i.e., 1 standard deviation below
the mean), the sensitivity and specificity of the non-adapted CELF-P2 are 85% and
82% respectively (Semel, Wiig, & Secord, 2004). In the Reilly study, children whose
scores were 1.25 standard deviations below the mean were diagnosed as language
impaired. The investigators made further attempts to reduce heterogeneity in their
clinical sample by dividing SLI participants into receptive and expressive subgroups.
Overall, the models developed by Reilly et al. were the most sensitive. Two factors
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that likely contributed to their success include the use of strict classification criteria
and the inclusion of well-researched risk factor variables.
In the current study, we also attempted to reduce heterogeneity among our SLI
participants by (1) only including children over the age of four, (2) applying the full
range of exclusionary criteria described by Leonard (1998), and (3) assigning children to diagnostic categories according to their performance on the Structured Photographic Expressive Language Test (SPELT). The SPELT is a standardized measure
of expressive language ability and is considered the current gold standard for diagnosing impairments in productive syntax and morphology. At the published cut-off
values, the sensitivity and specificity for the SPELT-II (Werner & Kresheck, 1983a)
are both 90% (Plante & Vance, 1994), for the SPELT-P (Werner & Kresheck, 1983b)
83% and 95% (Plante & Vance, 1995), and for the SPELT-P2 (Dawson et al., 2005)
91% and 100% (Greenslade, Plante, & Vance, 2009).
While the SPELT provides an accurate and comprehensive assessment of expressive language abilities, children can fail the test if either syntax or morphology is
severely impaired even if the other linguistic domain is relatively intact. As a result, children diagnosed with the SPELT may, in fact, differ in their primary deficits,
thereby introducing some amount of heterogeneity into the participant pool. To determine whether eliminating this heterogeneity might enhance the accuracy of our
risk factor model, we included a second measure of expressive language performance
the Finite Verb Morphology (FVM) composite (Bedore & Leonard, 1998). The FVM
composite examines a child’s use of tense and agreement morphemes in spontaneous
speech. The morphemes targeted by this measure include regular third person singular –s, regular past tense –ed, copula am, are, is, was, were, and auxiliary am, are,
is, was, were, all of which are known to be particularly difficult for children with
SLI. The composite is calculated by dividing the total number of correct instances of
morpheme use in the speech sample by the total number of obligatory grammatical
contexts and multiplying by 100. Studies have shown that this composite sharply
differentiates between children with SLI and typically developing controls (Bedore
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& Leonard; Leonard, Miller, & Gerber, 1999). In fact, a recent study found that
the sensitivity and specificity of this measure are both 100% for four-year-olds at a
cut-off of 84%, and 92% and 93%, respectively, for five-year-olds at a cut-off of 85%
(Gladfelter & Leonard, 2013). By combining performance on the SPELT with performance on the FVM composite, we could guarantee that the children diagnosed with
SLI exhibited particular deficits in grammatical morphology.
Thus, in the current study, we tested our risk factor model against two classification schemes. In the first scheme, children were classified as SLI or typically
developing based solely on their SPELT performance. In the second scheme, children
were classified based on their combined SPELT and FVM performance, that is, children who passed both measures were classified as typically developing and children
who failed both measures were classified as SLI. We predicted that reducing the heterogeneity in our clinical sample would result in a model that could more accurately
differentiate between SLI and typically developing participants.

1.3.2

Behavioral Measures

While our primary goal was to develop a risk factor model based only on those
child and family characteristics that are observable at birth, the results from previous studies indicate that model sensitivity is higher when behavioral measures are
included as predictor variables. Of the four risk factor model studies described above,
only the study by Tomblin et al. (1991) did not include behavioral measures. Dale et
al. (2003) included two-year-old vocabulary, abstract language, and cognitive scores.
LaParo et al. (2004) included child externalizing behavior at the age of three years.
Reilly et al. (2010) did not include behavioral measures in their initial model and
the ROC values for both the receptive and expressive subgroups were 0.72. However, when they added late talker status at two years to the model, the ROC values
increased to 0.77 for the receptive subgroup and 0.84 for the expressive subgroup.
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In order to determine whether the addition of a behavioral measure would increase
the accuracy of our risk factor model, we performed a second set of analyses, which
included word combining status at two years as a supplementary predictor variable.
There are a variety of behavioral measures that we could have selected to add to the
risk factor model, most notably late talker status (Reilly et al., 2010), which has been
studied extensively by research groups interested in early identification of children
with language impairments (e.g., Ellis Weismer, 2007; Paul, 2000; Rescorla, 2002).
However, word combining was selected over this more traditional measure for two
reasons. First of all, it is much easier for parents to remember whether or not their
children were combining words by 24 months than it is for them to remember exactly
how many words their children were producing at that age. Because we employed a
retrospective design and used parent report as our primary means of obtaining risk
factor information, word combining status was the more feasible alternative. Second,
previous studies indicate that the association between grammatical morpheme acquisition and MLU growth is stronger than that between morpheme acquisition and
vocabulary development (Paul & Alforde, 1993; Rescorla, Roberts, & Dahlsgaard,
1997). Word combining status at two years may provide the first clue as to whether a
child’s MLU will follow a normal or delayed developmental trajectory and, therefore,
be a more sensitive indicator of later linguistic development. We predicted that risk
factor model accuracy would increase when late word combiner status was included
as a predictor variable.

1.3.3

Implementation and Validation

Although previous studies, most notably the study by Reilly and colleagues (2010),
have been able to develop risk factor models with reasonable predictive power, the
clinical utility of these published models is, unfortunately, limited due to omission of
procedures for practical implementation and lack of validation.
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It is common practice to report which risk factor variables do and do not meaningfully contribute to the predictive power of a model. For example, Reilly et al. (2010)
reported that a six-factor model was as effective at differentiating between their SLI
and typically developing participants as a twelve-factor model. This information is
important for professionals interested in implementing risk factor screening tools in
a clinical setting. However, each risk factor variable is not equally weighted within a
model, that is, a practicing clinician cannot assume that gender, family history, SES,
maternal education, etc. each contribute equally to the final prediction of language
status. Rather, it is likely that having a positive family history places a child at
higher risk of developing SLI than does a low SES background and, therefore, family
history should be weighted more heavily within the model. Unfortunately, this information is not typically supplied in a manner that is immediately useful to a medical
professional. In the current study, we directly reported the numerical weighting of
each risk factor variable included in our models and used these weightings to derive
probability equations. Clinicians can use probability equations to calculate risk scores
for particular clients. Risk scores can then be interpreted to determine the client’s
likelihood of developing the disorder. In this way, we attempted to make our risk
factor models both accessible and comprehensible for practical implementation.
Not only must a risk factor model be translated into a meaningful algorithm before
it can be used in a clinical setting, but the model must also be validated. The validation process is essential for ensuring that a model is as accurate at differentiating
between impaired and unimpaired children within the general population as it is at
differentiating between study group participants. Without validation, the sensitivity
and specificity reported for a particular model are likely to be overly optimistic. In
order to increase the generalizability of our sensitivity and specificity estimates, we
employed a cross-validation procedure. This procedure involves testing a model multiple times on subsets of study participants and deriving average values for sensitivity
and specificity based on the results of these tests. Thus, we can be more confident

18
that the values for sensitivity and specificity we report will be valid in an actual
clinical scenario.

1.4

Goals
The primary goal of the current study was to develop a risk factor model that

could be used as a screening tool to identify infants who are at risk for developing
SLI. Our secondary goal was to improve upon the efforts of previous research groups
by (1) including a variety of risk factors that have been empirically associated with
language delays and persistent language deficits, (2) using well-defined criteria and
psychometrically robust assessment tools to identify and classify study participants,
(3) providing procedures for applying our risk factor models in a clinical setting, and
(4) statistically validating model accuracy. Using this approach, we endeavored to
develop an instrument that could be readily employed by medical professionals to
make earlier and more accurate diagnoses.
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2. METHODS
This study was implemented in two phases. In the first phase, only those risk factors
that are identifiable at birth were included in the experimental model. In the second
phase, late word combiner status was added to the model as a behavioral predictor
of language status. Within each phase, the same methodology was employed. First,
the participants were classified into diagnostic groups (TD vs. SLI) using two different classification schemes. Second, probability equations were derived using logistic
regression procedures. Finally, optimal cut-off values for the probability equations
were identified using five-fold cross-validation.

2.1

Participants
The Purdue University Child Language Laboratory database was used to access

records of children who have participated in Child Language Lab studies and programs since the year 2000. This database contains records for 553 children between
the ages of 4;0 to 7;0 years. The paper file for each of these participants was submitted
to an initial screening. Children whose files included a case history form and evidence
that they met the research participation criteria were included in the current study.
These criteria consisted of the following: (1) normal hearing acuity (20 dB HL bilaterally for the frequencies 500, 1000, 2000, and 4000 Hz), (2) normal nonverbal cognitive
ability, (3) no evidence of psychosocial or neurological deficits, (4) and monolingual
English-speaking background. For typically developing (TD) participants, additional
criteria included normal receptive language skills and expressive language skills. For
participants with SLI, additional criteria included normal oral motor structure and
function (Robbins & Klee, 1987) and significantly impaired expressive language ability. SLI participants also received receptive language testing, but receptive language
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performance was not considered for classification purposes. Receptive language was
assessed either using the receptive subtest of the Reynell Developmental Language
Scales (RDLS; Reynell & Gruber, 1990) or the Receptive Language Index from the
Clinical Evaluation of Language Fundamentals-Preschool 2 (CELF-P2; Semel et al.,
2004). Nonverbal cognition was assessed with the Columbia Mental Maturity Scale
(CMMS; Burgemeister, Blum, & Lorge, 1972) for all but three of the children who
received the Leiter International Performance Scale-Revised (LIPS-R; Roid & Miller,
1997). Expressive language was assessed using the SPELT-II (Werner & Kresheck,
1983a), SPELT-P (Werner & Kresheck, 1983b), or the SPELT-P2 (Dawson et al.,
2005). In order to maximize the sensitivity and specificity of these measures, we
used the published cut-off values for all versions of the SPELT except the SPELT-II.
Plante and Vance (1994) reported that, for their participant sample, the sensitivity
and specificity of the SPELT-II were maximized at a cut-off value less than the first
percentile (z score = -3.25). However, all of their participants scored well below the
SPELT-II’s normative sample and well below the sample in the current study. For
example, the TD group in the study by Plante and Vance scored, on average, at the
8th percentile while, in the current study, no child in the TD group scored below
the 19th percentile. In order to accommodate these differences, we used the 17th
percentile as our cut-off for the TD group (Gladfelter & Leonard, 2013) and the 9th
percentile as our cut-off for the SLI group. We felt that these cut-offs adequately
discriminated between the SLI and TD participants in our study.
The initial screening procedure yielded 211 children (124 males, 87 females) who
qualified for the current study. Among these, 108 children were between the ages of
4;0 and 4;11, 86 children were between the ages of 5;0 and 5;11, and 17 children were
between the ages of 6;0 and 7;0. Participants were from Tippecanoe and surrounding
counties, including Bartholomew, Benton, Boone, Carroll, Cass, Clinton, Marion,
Montgomery, and White counties. Participant ethnicities included White-Caucasian
(N=182), African American (N=14), Asian (N=6), Hispanic (N=6), Native American
(N=1), and Cuban (N=1). One participant did not report ethnicity.
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2.2

Procedures
Two different classification schemes were used (see Table 2.1). In the first scheme,

diagnostic classification was defined by performance on a single gold standard assessment measure – the SPELT (SPELT classification). Children who performed within
the normal range on the SPELT were classified as TD and children who performed
within the clinical range were classified as SLI. According to this scheme, 97 children
fell into the TD category and 114 children fell into the SLI category.
In the second scheme, diagnostic classification was defined by combined performance on two gold standard assessment measures – the SPELT and the FVM composite (SPELT-FVM classification). Only those children who performed within the
normal range on both measures were classified as TD and only those children who
performed within the clinical range on both measures were classified as SLI. This
method of classification eliminated children who had language impairments that were
more syntactic than morphological in nature. Using this scheme, 70 children fell into
the TD category and 98 children fell into the SLI category. Forty-three children were
excluded either because FVM composite scores were not available (N=23) or because
performance was inconsistent across the two measures (N=20). The majority of the
latter group scored within the clinical range on the SPELT, but exhibited FVM scores
within the normal range (N=16), indicating that syntax was more impaired than
morphology for this subset of participants. Six children had borderline FVM scores
(range: 86% to 88%), five had borderline SPELT scores (SPELT-II: 9%; SPELT-P2
range: 84 to 89), and one had borderline scores for both diagnostic measures (FVM:
85%; SPELT-P2: 83).
Once the classification procedures were completed, participant data were entered
into a Microsoft Excel spreadsheet. Separate spreadsheets were created for the SPELT
classification group and the SPELT-FVM classification group. An entry for an individual participant included (1) diagnostic category (i.e., SLI or TD), (2) gender, (3)
birth weight, (4) gestational age at birth, (5) number of years of maternal education,

CMMS: SS ≥ 80

CMMS: SS ≥ 80

Nonverbal Cognition

FVMd ≤ .86 (6;0-7;0)
FVMd ≤ .86 (6;0-7;0)

CMMS: SS ≥ 80

CMMS: SS ≥ 80

RDLS(R): SS ≥ 85
OR
CELF-P2: SS ≥ 85

FVMd ≤ .85 (5;0-5;11)

FVMd ≤ .85 (5;0-5;11)

N/A

Classification
TD
SPELT-IIa : > 17%ile
OR
SPELT-Pb : > 8%ile
OR
SPELT-P2c : > 87 SS
AND
FVMd ≤ .84 (4;0-4;11)

SPELT-FVM
SLI
SPELT-II: ≤ 9%ile
OR
SPELT-Pb : ≤ 8%ile
OR
SPELT-P2c : ≤ 87 SS
AND
FVMd ≤ .84 (4;0-4;11)

Note. SPELT-II = Structured Photographic Expressive Language Test II; SPELT-P = Structured Photographic Expressive Language Test
Preschool; SPELT-P2 = Structured Photographic Expressive Language Test Preschool 2; FVM = Finite Verb Morphology; RDLS(R) = Reynell
Developmental Language Scales, Receptive Subtest; CELF-P2 = Clinical Evaluation of Language Fundamentals-Preschool 2; CMMS =
Columbia Mental Maturity Scale; SS = Standard Score.
a
Upper cut-off score for SPELT-II was taken from Gladfelter & Leonard (2013).
b
SPELT-P cut-off score was taken from Plante & Vance (1995).
c
SPELT-P2 cut-off score was taken from Greenslade, Plante, & Vance (2009).
d
FVM cut-off scores were taken from Gladfelter & Leonard (2013).

RDLS(R): SS ≥ 85
OR
CELF-P2: SS ≥ 85

N/A

Receptive Language

TD
SPELT-IIa : > 17%ile
OR
SPELT-Pb : > 8%ile
OR
SPELT-P2c : > 87 SS

SLI
SPELT-II: ≤ 9%ile
OR
SPELT-Pb : ≤ 8%ile
OR
SPELT-P2c : ≤ 87 SS

Domain
Expressive Language

SPELT Classification

Table 2.1
Qualification Criteria for SPELT and SPELT-FVM Classification Groups
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(6) number of years of paternal education, (7) family address, (8) and presence of
speech, language, or reading disorders in first degree relatives. Each of these characteristics reflected a particular risk factor of interest (see Table 2.2). Coding procedures
are described below.
Table 2.2
Case History Information and Corresponding Risk Factors
Case History Information

Corresponding Risk Factor

Gender

Male Gender

Birth Order

Low Birth Order

Birth Weight

Low Birth Weight

Gestational Age

Premature Birth

Parent Education Level

Low Parent Education Level

Address

Socioeconomic Status

Disorders in First Degree Relatives

Family History of Speech, Language,
or Reading Disorders

2.2.1

Dichotomous Variables

Data pertaining to gender, gestational age at birth, and speech, language, or
reading disorders in first-degree relatives was coded dichotomously (see Table 2.3).
According to current medical practice, children born before 37 weeks gestation are
considered premature. This same cut-off was used in the current study. Speech, language, or reading disorders included late talking, stuttering, phonological disorders,
language impairment not secondary to another condition such as Down Syndrome
or autism, and dyslexia or other reading difficulties. Family history was considered
negative in instances where the case history specified that the affected family member
had difficulty with articulation of only a single sound.
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Table 2.3
Dichotomous Risk Factor Variables

2.2.2

Variable

One

Zero

Gender

Male

Female

Gestational Age at Birth

< 37 weeks

≥ 37 weeks

Disorders in First Degree Relatives

Positive

Negative

Categorical Variables

Birth order, paternal education, and maternal education were coded categorically
following the conventions described in Table 2.4. Parent education was categorized
according to highest level of education attained.
Table 2.4
Categorical Risk Factor Variables
Variable

Categories

Birth Order

1 = 1st born or only child
2 = 2nd born
3 = 3rd born or later

Parent Education Level

1 = less than or equivalent to a high school degree
2 = some college
3 = college degree
4 = graduate school

2.2.3

Continuous Variables

The remaining variables were entered as continuous values (see Table 2.5). Birth
weights were reported in pounds and converted to kilograms. SES measures were
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obtained using the family address reported in the case history form. First, a participant’s county of residence and census tract number were derived using the supplied
address. Then, this information was used to extract three tract-level measures from
the 2010 census records. These measures included per capita income, percentage of
families receiving food stamp benefits, and percentage of families below the poverty
level. This method was selected over more traditional methods of calculating SES
such as the Hollingshead Four-Factor Index (Hollingshead, 1975) because the censusbased measures are current, require minimal and noninvasive information from the
participating families, and are readily accessible and available for public use.
Table 2.5
Ratio Scale Risk Factor Variables
Variable

Numerical Value

Birth Weight

Mass in kilograms

Socioeconomic Status

Per capita income
% Families receiving food stamp benefits
% Families below the poverty level

2.3

Phase I

2.3.1

Prevalence

We expected that each of the risk factors would occur more frequently among
SLI participants than among TD participants. Therefore, as a preliminary step in
our analyses, the prevalence of each risk factor was examined to ensure that each
variable trended in the predicted direction. For the sake of this analysis, children
with birth weights above 2500 grams were classified as normal birth weight (NBW)
and children with birth weights below 2500 grams were classified as low birth weight
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(LBW). This allowed us to determine the prevalence of low birth weight among our
participants even though this variable was entered as a continuous quantity in the
risk factor model.
Because the census-based SES variables were continuous quantities and we had no
standard by which to determine whether a particular value qualified as low SES, we
could not calculate prevalence for these variables. Instead, we performed t-tests to
determine (1) if the average values for the SES variables trended in the appropriate
directions and (2) if the differences in SES levels across the SLI and TD groups were
significant.

2.3.2

Preliminary Adjustments

When using a model fitting procedure, it is preferable to include as few predictor
variables as possible to reduce the complexity of the model. Because we had identified
several variables designed to capture SES, we examined the correlations between these
variables to determine whether the information provided by each one was unique
or overlapping. The factors entered into this analysis included per capita income,
percentage of families receiving food stamp benefits, percentage of families below
the poverty level, and maternal and paternal education levels, which have been used
as proxies for SES in previous studies (e.g., Dale et al., 2003). Only those SES
variables that were not significantly correlated with parent education were maintained
in subsequent analyses.
Every child missing data for any of the remaining risk factors variables was removed from the dataset. This included 24 children from the SPELT classification
group (187 remaining) and 18 children from the SPELT-FVM classification group
(150 remaining).
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2.3.3

Model Fitting

Risk factor models for the two classification groups (i.e., SPELT and SPELTFVM) were then fitted using a step-wise logistic regression procedure. In step-wise
logistic regression, predictor variables are systematically removed from the model until a certain pre-specified criterion is met. For the current study, Akaike’s Information
Criterion (AIC) was used to fit the model. AIC values are calculated based on two
characteristics: (1) the complexity of the model as measured by the number of variables included and (2) the goodness of fit of the model. The AIC value increases
when complexity is high and/or goodness of fit is low and decreases when complexity
is low and/or goodness of fit is high. When employing this criterion, the goal is to
identify the model with the lowest AIC value. Predictor variables are individually
and successively removed from the model until this goal is achieved.
Once the optimal model was established for each classification group using the
step-wise procedure, a simple logistic regression analysis was performed to obtain
the odds ratios and beta coefficients for the best-fit predictor variables and the beta
coefficient for the model intercept. Several children who had been excluded from the
step-wise procedure were re-incorporated into the simple logistic regression analysis
because their data entry was complete for the reduced variable set. This resulted in
sample sizes of 210 and 168 for the SPELT and SPELT-FVM classification groups,
respectively.
The beta coefficients were used to create two probability equations – one for the
SPELT classification group and one for the SPELT-FVM classification group. The
generic equation takes the following form:
P (Y = 1) =

1
1 + exp(−β0 − β1 X1 − . . . − βm Xm )

(2.1)

where P (Y = 1) is the probability that a child will develop the condition, β0 is the
coefficient for the model intercept, β1 is the coefficient for the first predictor variable,
and βm is the coefficient for the mth predictor variable. M denotes the total number
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of predictor variables. X1 and Xm are predictor variable values for a particular child.
When the coefficients and participant values are entered, this equation yields a score
between 0 and 1. Values closer to 1 indicate that the probability of developing the
condition is high. Values closer to 0 indicate that the probability of developing the
condition is low.

2.3.4

Sensitivity and Specificity

Probability equations can be used to calculate risk scores for particular individuals,
but the usefulness of the risk score may be limited if a cut-off value for the equation has
not been established. For example, a score of 0.98 would indicate that an individual
is very likely to develop SLI and a score of 0.13 would indicate that an individual is
very unlikely to develop SLI, but the interpretation for a score of 0.45 is less clear.
One could assume a cut-off of 0.50, that is, children with scores above 0.50 would
be considered at risk and children with scores below 0.50 would be considered not at
risk. However, this cut-off value may not be adequate given the purpose for which
the equation was created. In the current study, our goal was to use the equation
as a screening tool. Ideally, screening tools are maximally sensitive, that is, they
should identify the majority of children who will develop the disorder even when this
results in over-identification of children who will not develop the disorder. Our goal,
therefore, was to identify cut-off values that would render the probability equations
highly sensitive.
The most straightforward method for identifying cut-off values involves use of
the original dataset. In the simplest scenario, risk scores are calculated for all of
the participants using the derived probability equation. Then, the risk score that
delineates the majority of the participants who exhibit the condition from those who
do not is selected as the cut-off value for the equation. However, this approach results
in an idealized cut-off value, that is, one that yields good sensitivity for the dataset,
but is less sensitive when applied to the general population.
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Cross-validation is a method that verifies the sensitivity and specificity of a cutoff value across multiple test sets. Thus, the cut-off values selected through this
method have greater external validity. In the current study, we employed five-fold
cross-validation (Stone, 1974). With this method of analysis, the original dataset is
randomized and then divided into five groups (Group 1, Group 2, Group 3, Group
4, and Group 5). In the first step of validation, Groups 1 through 4 become the
training set and Group 5 becomes the test set. The following procedure is performed:
(1) the risk factor model is fitted to the training set using logistic regression, (2) a
probability equation is derived based on the results of the regression, and (3) the
equation is used to calculate risk scores for all of the members of the test set. A
range of cut-off values is selected, for example, 0.40 to 0.55 in increments of .05,
and the sensitivity and specificity of the equation at each cut-off value is determined
based on the scores of the test set (e.g., Group 5). For the cut-off range mentioned
above, the sensitivity and specificity of the equation would be calculated at 0.40, 0.45,
0.50, and 0.55. In the second step of validation, Groups 1, 2, 3, and 5 become the
training set and Group 4 becomes the test set. Steps (1) through (3) are repeated.
Then, sensitivity-specificity pairs are calculated for the same range of cut-offs using
the scores of the new test set (e.g., Group 4). The process is repeated three more
times with Groups 3, 2, and 1 acting as the test set in each subsequent validation.
This procedure yields five sensitivity-specificity pairs per cut-off value – one pair from
each step of the validation procedure. The five sensitivities are averaged and the five
specificities are averaged to yield a single representative sensitivity-specificity pair for
each cut-off value.
For the current study, the sample size for the SPELT classification group was 210
resulting in five groups of 42 participants each. The sample size for the SPELT-FVM
classification group was 168 resulting in five groups of approximately 33 participants
each. A wide range of cut-off values was first selected – 0 to 1 in increments of 0.05
(i.e., 0, 0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55, 0.60, 0.65, 0.70,
0.75, 0.80, 0.85, 0.90, 0.95, 1). After the sensitivity-specificity pairs were examined,
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this range was narrowed to include only cut-offs that yielded sensitivity values above
90% (Plante & Vance, 1994) and specificity values above 20%. The increment size
was decreased to 0.01. Particular cut-off values were then selected with the goal of
maximizing both sensitivity and specificity as much as possible.

2.3.5

Likelihood Ratios

Once the cut-off values were determined, positive (LR+) and negative (LR-) likelihood ratios were calculated. The equation for LR+ is:
sensitivity
1 − specificity

(2.2)

1 − sensitivity
specificity

(2.3)

and the equation for LR- is:

The LR+ for a particular assessment tool indicates how much the likelihood of having
the condition increases above pretest probability if an individual scores within the
clinical range. LR+ scores of 2 to 3 indicate that the likelihood of having the condition
increases 15% to 20%, 4 to 5 that the likelihood increases 25% to 30%, 6 to 9 that
the likelihood increases 35% to 40%, and 10 or above that the likelihood increases
about 45%. For example, if the pretest probability of having a certain disorder is 20%
and the LR+ of an assessment tool used to diagnose the disorder is 2, the likelihood
of having the disorder will increase by 15% for an individual who scores within the
clinical range on that assessment tool. For such an individual, the probability of
having the disorder is 35% rather than 20%. In contrast, the LR- of a particular
assessment tool indicates how much the likelihood of having the condition decreases
if an individual scores within the normal range. LR- scores of 0.4 to 0.5 indicate
that the likelihood of having the condition decreases 15% to 20%, 0.2 to 0.3 that
the likelihood decreases 25% to 30%, and 0.1 or below that the likelihood decreases
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45%. Thus, if the LR- for the example assessment tool mentioned above is 0.5, the
likelihood of having the disorder decreases by 15% for an individual who scores within
the normal range on the assessment tool. For such an individual, the probability of
having the disorder is 5% rather than 20%. These likelihood ratio estimates were
taken from McGee (2002).

2.3.6

Selecting the Optimal Cut-off Value

Our first priority in selecting an optimal cut-off value for each risk factor model
was to maximize sensitivity; however, the value of a screening tool is diminished if
it yields a large number of false positives (Tomblin et al., 1991). Therefore, our goal
was to identify, from among the selected cut-offs, the value that most enhanced the
overall diagnostic accuracy of the corresponding probability equation. To achieve this
purpose, we calculated the diagnostic odds ratio (DOR; Glas, Lijmer, Prins, Bonsel,
& Bossuyt, 2003) for each cut-off value. The DOR is a measure of accuracy derived
from the following equation:
LR+
LR–

(2.4)

The resulting value is interpreted as the ratio between the odds of having the disorder
among those who test positive and the odds of having the disorder among those who
test negative. The DOR can range from zero to infinity with higher DOR values
indicating greater accuracy. Thus, the cut-off that yielded the highest DOR within
the series was selected as the optimal value for a particular probability equation.

2.4

Phase II
The parents of a subset of our participants reported the age at which word com-

binations first appeared in their children’s speech. Using criteria from the Language
Development Survey (LDS; Rescorla, 1989), children who did not provide evidence
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of word combinations by the age of 24 months were classified as late word combiners (LWC). We added LWC status to our SPELT classification and SPELT-FVM
classification best-fit models using simple logistic regression, hereafter referred to as
SPELT classification model with LWC status and SPELT-FVM classification model
with LWC status. The beta coefficients resulting from these analyses were used to
derive two new probability equations. Five-fold cross-validation was performed to
identify cut-off values for these equations and the optimal cut-off was selected using
the procedure described in section 2.3.6.
Because many parents did not remember this detail of their child’s development,
these analyses were performed with reduced sample sizes for both classification groups.
The SPELT classification group contained 161 children (29 TD and 21 SLI removed).
The SPELT-FVM classification group contained 127 children (22 TD and 19 SLI
removed).
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3. RESULTS
3.1

Descriptive Statistics
Table 3.1 reports the year of participation for all of the children who were included

in the current study. Table 3.2 reports participant performance on tests of expressive
language, receptive language, and nonverbal cognition by diagnostic group. The
TD group performed significantly better than the SLI group on all standardized
assessments.

3.2

Prevalence
Prevalence statistics are reported in Table 3.3. As expected, all of the risk fac-

tors were more prevalent in the SLI groups than in the TD groups. For the SPELT
classification group, significant differences were found for positive family history, low
maternal education, low paternal education, and preterm birth. For the SPELT-FVM
classification group, significant differences were only observed for positive family history, low maternal education, and low paternal education; the differences in prevalence
reported for male gender and preterm birth approached significance. For both the
SPELT and SPELT-FVM classification groups, the greatest prevalence discrepancies
were observed for family history and maternal education level.
Table 3.4 reports t-test comparisons for the SES variables. All three variables
trended in the appropriate directions; however, none of the variables were significantly
different across the SLI and TD participant groups.
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Table 3.1
Participants by Year of Childhood Language Lab Study Participation
Year

SLI

TD

Total

Expressive Language Test

Receptive Language Test

2000

9

0

9

SPELT-II; SPELT-P

RDLS(R)

2001

3

1

4

SPELT-II; SPELT-P

RDLS(R)

2002

9

11

20

SPELT-II; SPELT-P

RDLS(R)

2003

9

12

21

SPELT-II; SPELT-P

RDLS(R)

2004

12

13

25

SPELT-II

RDLS(R); CELF-P2

2005

5

6

11

SPELT-II

CELF-P2

2006

7

9

16

SPELT-II

CELF-P2

2007

7

9

16

SPELT-II

CELF-P2

2008

11

4

15

SPELT-II; SPELT-P2

CELF-P2

2009

8

10

18

SPELT-II; SPELT-P2

CELF-P2

2010

4

4

8

SPELT-P2

CELF-P2

2011

10

7

17

SPELT-P2

CELF-P2

2012

9

11

20

SPELT-P2

CELF-P2

2013

11

0

11

SPELT-P2

CELF-P2

Total

115

96

211

Note. SPELT-II = Structured Photographic Expressive Language Test II; SPELT-P =
Structured Photographic Expressive Language Test Preschool; SPELT-P2 = Structured
Photographic Expressive Language Test Preschool 2; RDLS(R) = Reynell Developmental
Language Scales, Receptive Subtest; CELF-P2 = Clinical Evaluation of Language
Fundamentals-Preschool 2.

3.3

Correlations
Tables 3.5 reports the correlations between the three census-based SES measures

(i.e., per capita income, percentage of families receiving food stamps benefits, and
percentage of families below the poverty level) and the two education level measures
(i.e., maternal education and paternal education).
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Table 3.2
Means and (SDs) of Test Performance by Diagnostic Group
Test Type

SLI

TD

t

df

p

SPELT-II (%ile)

2.5 (2.6)

62.5 (25.2)

-19.50

138

< 0.001

SPELT-P2 (SS)

76.6 (8.9)

114.0 (12.2)

-14.14

63

< 0.001

RDLS (SS)

82.8 (16.8)

111.2 (10.3)

-8.81

74

< 0.001

CELF-P2 (SS)b

91.5 (12.4)

111.5 (9.7)

-10.16

131 < 0.001

105.4 (10.4)

116.2 (10.8)

-7.67

206

Expressive Languagea

Receptive Language

Nonverbal Cognitionc
CMMS (SS)

< 0.001

Note. SPELT-II = Structured Photographic Expressive Language Test II; SPELT-P2
= Structured Photographic Expressive Language Test Preschool 2; RDLS = Reynell
Developmental Language Scales, Receptive Subtest; CELF-P2 = Clinical Evaluation
of Language Fundamentals-Preschool 2; CMMS = Columbia Mental Maturity Scale;
SS = Standard Score.
a
Comparison does not include 6 children who received the SPELT-P; adjustments
were made for children with African American English dialect.
b
Comparison does not include 2 children who received the CELF-III.
c
Comparison does not include 3 children who received the LIPS.

For the SPELT classification group, all three census-based SES measures were
highly correlated with each other. Per capita income was significantly correlated
with both maternal and paternal education level while percentage of families receiving
food stamps benefits was significantly correlated with paternal education. Percentage
of families below the poverty level was not correlated with either parent education
variable. For the SPELT-FVM classification group, the same pattern was observed
with one exception – percentage of families receiving food stamps benefits was strongly
correlated with both maternal and paternal education level. Due to the strength of
the observed correlations, the only census-based SES measure retained in subsequent
analyses was percentage of families below the poverty level.
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Table 3.3
Risk Factor Prevalence
SLI

TD

Difference

χ2

p

Male Gender

63.2%

53.6%

9.6%

2.0

0.160

Positive Family History

61.4%

30.0%

31.4%

20.9

< 0.001

Low Maternal Educationa

25.7%

3.1%

22.6%

20.6 < 0.001

Low Paternal Educationa

28.0%

10.3%

17.7%

10.1

0.001

Low Birth Orderb

28.1%

20.6%

7.5%

1.6

0.211

Preterm Birth

16.7%

7.2%

9.5%

4.3

0.037

Low Birth Weight

11.0%

5.4%

5.6%

2.0

0.157

Male Gender

62.2%

47.1%

15.1%

3.8

0.052

Positive Family History

59.2%

22.9%

36.3%

21.9

< 0.001

Low Maternal Educationa

26.5%

2.9%

23.6%

16.5 < 0.001

Low Paternal Educationa

29.4%

10.0%

19.4%

9.0

0.003

Low Birth Orderb

28.6%

20.0%

8.6%

1.6

0.206

Preterm Birth

17.4%

7.3%

10.1%

3.7

0.053

Low Birth Weight

9.7%

5.9%

3.8%

0.8

0.369

Risk Factor
SPELT Classification

SPELT-FVM Classification

a
b

3.4

Low education was defined as high school diploma or less.
Low birth order was defined as third born or lower.

SPELT Classification Group
For the following analyses, SLI was defined as poor performance on the SPELT.

3.4.1

Model Fitting

Eight risk factor variables were entered into stepwise logistic regression (see Table
A.1 in Appendix A). Six variables were removed before the minimum AIC value
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Table 3.4
T-test Comparisons for Census-based SES Variables
SES Variable

SLI

TD

t

p

26,206

27,344

-1.112

0.267

Food Stamp Benefits

8.05

7.42

0.674

0.501

Below Poverty Level

9.93

9.90

0.028

0.977

26,032

27,971

-1.777

0.078

Food Stamp Benefits

8.51

6.87

1.627

0.106

Below Poverty Level

9.88

9.07

0.727

0.468

SPELT Classification
Per Capita Income

SPELT-FVM Classification
Per Capita Income

was achieved leaving family history and maternal education in the best-fit model.
The beta coefficients and odds ratios for the best-fit predictor variables are reported
in Table 3.6. The odds ratios for both variables were significant and indicate that
(1) individuals with a positive family history of communication disorders were four
times more likely to have SLI than those without a positive family history and (2)
individuals whose mothers had 12 or fewer years of education were 14 times more
likely to have SLI than those whose mothers had a graduate degree.
The beta coefficients were entered into equation 2.1 to derive the SPELT classification probability equation. The coefficient for family history was entered as β1 and
the coefficient for maternal education as β2 resulting in equation 3.1:
P (Y = 1) =

1
1 + exp(−1.5541 − 1.3741 ∗ X1 + 0.7113 ∗ X2 )

(3.1)

A risk score can be calculated using this equation when particular values for X1 and
X2 are known. X1 refers to family history: 1 is entered for positive family history
and 0 for negative family history. X2 refers to maternal education level: 1, 2, 3, or 4
are entered following the conventions described in Table 2.4.
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Table 3.5
Correlations Between SES Measures and Parent Education Level
2

3

4

5

-0.66***

-0.77***

0.25***

0.27***

0.69***

-0.13

-0.16*

-0.07

-0.12

SPELT Classification
1. Per Capita Income
2. Food Stamp Benefits
3. Below Poverty Level
4. Maternal Education

0.51***

5. Paternal Education
SPELT-FVM Classification
1. Per Capita Income

-0.70***

2. Food Stamp Benefits
3. Below Poverty Level

-0.76***

0.31***

0.33***

0.81***

-0.24**

-0.23**

-0.10

-0.14

4. Maternal Education

0.55***

5. Paternal Education
∗p < .05, ∗ ∗ p < .01, ∗ ∗ ∗p < .001

Table 3.6
Beta Coefficients and Odds Ratios for SPELT Classification Model
Predictor

β

Intercept

1.5541

Family History
Maternal Educationa
a

OR

95% CI

p

1.3741

4.3

2.3 – 8.0

< 0.001

-0.7113

14.2

3.8 – 53.1

< 0.001

Referent education level is graduate degree.

3.4.2

Cut-off Values

The best-fit model was submitted to five-fold cross-validation. After the sensitivityspecificity pairs for the full range of cut-off values were examined, the range was
narrowed to include values between 0.20 and 0.35 in increments of 0.01. This range
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Table 3.7
Sensitivity, Specificity, and Likelihood Ratios for Selected SPELT
Model Probability Equation Cut-off Values
Cut-off

Sensitivity (%)

Specificity (%)

LR+

LR-

DOR

0.23

92

24

1.21

0.35

3.49

0.34

91

30

1.31

0.30

4.35

Note. The optimal cut-off value appears in bold.

was selected because the corresponding sensitivity levels were above 90% and the
specificity levels were above 20%. Those cut-off values that maximized specificity at
each sensitivity level are reported in Table 3.7. Likelihood ratios and DORs were
calculated for the selected cut-off values.
Although neither of the cut-off values yielded ideal conditions for sensitivity and
specificity, we selected 0.34 as the optimal cut-off for equation 3.1 because this value
yielded the highest DOR. The LR+ and LR- associated with this value indicate that
children who score below 0.34 are unlikely to be at risk for developing SLI (i.e., 25%
decrease over pretest probability) while the status of children who score above 0.34
is uncertain, particularly for those who score only slightly above this cut-off.

3.4.3

Example Scenarios

For each risk factor model, we will present examples of how to calculate and
interpret the results of the probability equation by performing the analyses with three
hypothetical children. Infant A is a female with no family history whose mother has
a graduate degree. Infant B is a male with a positive family history whose mother did
not complete high school. Infant C is a female with no family history whose mother
completed college. The example scenarios for each child are provided in Appendix B
(see Tables B.1, B.2, and B.3).
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For Infant A, the following values would be entered into equation 3.1: 0 for X1
and 4 for X2 . The equation would yield a risk score of 0.22. This score is below
the cut-off value of 0.34, which indicates that Infant 1 is unlikely to develop SLI. For
Infant B, the following values would be entered: 1 for X1 , 1 for X2 . In this scenario,
the equation would yield a risk score of 0.90, which is well above the cut-off, indicating
that this child is likely to develop SLI. For Infant C, the following values would be
entered: 0 for X1 , 3 for X2 . The corresponding risk score would be 0.36, which is
only slightly above the cut-off, indicating that the status of Infant C is uncertain.
This result suggests that a more definitive risk factor model is needed for ambiguous
cases.

3.5

SPELT-FVM Classification Group
For the following analyses, SLI was defined as poor performance on both the

SPELT and the FVM composite.

3.5.1

Model Fitting

The eight risk factor variables were entered into stepwise logistic regression analysis (see Table A.2 in Appendix A). Five variables were removed before the minimum
AIC value was achieved. The best-fit model for the SPELT-FVM classification group
included family history, maternal education, and gender. The beta coefficients and
odds ratios for these best-fit predictor variables are reported in Table 3.8. The odds
ratios for family history and maternal education were significant for this model and
indicate that (1) individuals with a positive family history of communication disorders
were six times more likely to have SLI than those without a positive family history
and (2) individuals whose mothers had 12 or fewer years of education were nearly 19
times more likely to have SLI than those whose mothers attended graduate school.
The beta coefficients were entered into equation 2.1 to derive the SPELT-FVM
probability equation. The coefficient for gender was entered as β1 , the coefficient
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for family history as β2 , and the coefficient for maternal education as β3 resulting in
equation 3.2:
P (Y = 1) =

1
1 + exp(−1.5489 − 0.6733 ∗ X1 − 1.7757 ∗ X2 + 0.7998 ∗ X3 )

(3.2)

X1 refers to gender: 1 is entered for male gender and 0 for female gender. X2 refers
to family history: 1 is entered for positive family history and 0 for negative family
history. X3 refers to maternal education level: 1, 2, 3, or 4 are entered following the
conventions described in Table 2.4.
Table 3.8
Beta Coefficients and Odds Ratios for SPELT-FVM Classification Model
Predictor

β

OR

95% CI

p

Intercept

1.5489

Gender

0.6733

1.8

0.8 – 3.7

0.133

Family History

1.7757

6.6

3.0 – 14.5

< 0.001

Maternal Educationa

-0.7998

18.8

3.8 – 92.2

< 0.001

a

Referent education level is graduate degree.

3.5.2

Cut-off Values

The best-fit model was submitted to five-fold cross-validation. After an initial
examination, the cut-off range was narrowed to include values between 0.20 and 0.35
in increments of 0.01. Table 3.9 specifies the three cut-off values within this range
that maximized specificity at each particular level of sensitivity. Likelihood ratios
and DORs for these values are also reported.
As with the SPELT probability equation, none of the cut-off values provided ideal
conditions for sensitivity and specificity. However, 0.25 was selected as the optimal
cut-off for equation 3.2 because it yielded the highest DOR. The corresponding LR+
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and LR- indicate that children who score below 0.25 are unlikely to be at risk for
developing SLI (i.e., 30% decrease over pretest probability) while the children who
score slightly above 0.25 may or may not be at risk for developing SLI.
Table 3.9
Sensitivity, Specificity, and Likelihood Ratios for Selected SPELTFVM Model Probability Equation Cut-off Values
Cut-off

Sensitivity (%)

Specificity (%)

LR+

LR-

DOR

0.24

95

20

1.19

0.26

4.62

0.25

94

25

1.25

0.24

5.10

0.26

91

34

1.38

0.27

5.08

Note. The optimal cut-off value appears in bold.

3.5.3

Example Scenarios

In the case of Infant A (see Table B.1), the following values would be entered
into equation 3.2: 0 for X1 , 0 for X2 , and 4 for X3 . The equation would yield a risk
score of 0.16, which is below the cut-off of 0.25, indicating that Infant A is unlikely to
develop SLI. For Infant B (see Table B.2), X1 , X2 , and X3 would all take the value
of 1. The equation would yield a risk score of 0.96 indicating this child is very likely
to develop SLI. For Infant C (see Table B.3), 0 would be entered for X1 and X2 and
3 would be entered for X3 . The equation would yield a risk score of 0.30, which is
only slightly above the established cut-off value. Thus, the status of this last child is,
as before, uncertain.

3.6

Adding Late Word Combiner Status
When we include only those factors that are identifiable at birth as predictors of

diagnostic status, specificity and LR+ values for the risk factor models are inadequate
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and the equations yield scores that cannot be categorically interpreted. As s result,
the models are likely to yield too many false positives for their use to be practical
in a clinical setting. Thus, the last phase of this study involved adding late word
combiner (LWC) status to the best-fit models for the two-fold purpose of improving
their accuracy and increasing their utility.
We first calculated the prevalence of LWC status among the TD and SLI participants. For the SPELT classification group, the prevalence was 56% among SLI
participants and 7% among TD participants resulting in a difference of 49 percentage
points (χ2 = 40.5, p < 0.001). For the SPELT-FVM classification group, the prevalence was 57% among SLI participants and 6% among TD participants resulting in a
difference of 51 percentage points (χ2 = 32.7, p < 0.001). Further calculation revealed
that over 90% of children who were late word combiners went on to develop SLI.

3.6.1

SPELT Classification Model with LWC Status

For the SPELT classification group, LWC status was added to the best-fit model
of family history and maternal education. The beta coefficients and odds ratios for
each predictor variable are reported in Table 3.10. The odds ratios for all three variables were significant. Of particular interest is the finding that late word combiners
were 23 times more likely to develop SLI than children who were not late word combiners. Note also that the beta coefficients for the two original predictors changed
to accommodate the additional variance accounted for by the LWC factor, yet each
remained significant.
The beta coefficients were entered into equation 2.1 to derive a new probability
equation for the SPELT classification group. The coefficient for LWC status was
entered as β3 yielding equation 3.3:
P (Y = 1) =

1
1 + exp(−0.5787 − 1.8213 ∗ X1 + 0.7219 ∗ X2 − 3.2106 ∗ X3 )

(3.3)
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Table 3.10
Beta Coefficients and Odds Ratios for SPELT Classification Model
Including LWC Status
Predictor

β

OR

95% CI

Intercept

0.5787

Family History

1.8213

6.8

2.7 – 17.1

< 0.001

Maternal Educationa

-0.7219

12.4

2.6 – 59.1

0.002

Late Word Combiner Status

3.2106

23.2

7.4 – 73.0

< 0.001

a

p

Referent education level is graduate degree.

X3 receives a value of 1 when LWC status is positive and 0 when LWC status is
negative.
Five-fold cross-validation was then performed. After the initial analysis, the cutoff range was narrowed to include all values from 0.10 to 0.40 in increments of 0.01.
Table 3.11 specifies the five cut-off values within this range that maximized specificity
at each level of sensitivity and reports the corresponding likelihood ratios and DORs.
The cut-off value that yielded the largest DOR for equation 3.3 was 0.29. At this
value, LR+ is above 2.0 and LR- is below 0.10. Thus, children who score below this
cut-off are very unlikely to be at risk for developing SLI (i.e., 45% decrease over pretest
probability), whereas children who score above the cut-off have a slightly increased
likelihood of developing SLI (i.e., 15% increase over pretest probability).
Using the equation 3.3 and the optimal cut-off, we examined two scenarios for
Infants A, B, and C. First, if Infant A (see Table B.1) were not combining words
by 24 months (1a), the equation would yield a risk score of 0.71 indicating that this
child is now likely to develop SLI. If, however, Infant A were combining words by 24
months (1b), the equation would yield a risk score of 0.09 indicating that the same
child is very unlikely to develop SLI. If Infant B (see Table B.2) were not combining
words by 24 months (2a), the equation would yield a risk score of 0.99 indicating that
this child will almost certainly develop SLI. If Infant B were combining words by two
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Table 3.11
Sensitivity, Specificity, and Likelihood Ratios for Selected SPELT
Model with LWC Status Probability Equation Cut-off Values
Cut-off

Sensitivity (%)

Specificity (%)

LR+

LR-

DOR

0.11

98

24

1.28

0.09

13.79

0.14

97

30

1.37

0.11

12.18

0.15

96

36

1.50

0.12

12.55

0.29

95

58

2.24

0.09

23.87

0.36

91

62

2.41

0.14

17.06

Note. The optimal cut-off value appears in bold.

years (2b), the equation would yield a risk score of 0.84. In this scenario, Infant 2 is
still likely to develop SLI, but the level of risk has decreased slightly. If Infant C (see
Table B.3) were not combining words by 24 months (3a), the equation would yield a
risk score of 0.83 indicating that this child is likely to develop SLI. Alternatively, if
Infant C were combining words by 24 months (3b), the equation would yield a risk
score of 0.17 indicating that this child is not likely to develop SLI. As these examples
illustrate, when LWC status is included in the SPELT classification model, definitive
scores are obtained for all three infants in all six scenarios.

3.6.2

SPELT-FVM Classification Model with LWC Status

For the SPELT-FVM classification group, LWC status was added to the best-fit
model of gender, family history, and maternal education. The beta coefficients and
odds ratios for each predictor variable are reported in Table 3.12. As with the SPELT
classification model, the odds ratios for family history, maternal education, and LWC
status were significant. Children who were not combining words at 24 months were
40 times more likely to develop SLI than children who were combining words at this
age.
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Table 3.12
Beta Coefficients and Odds Ratios for SPELT-FVM Classification
Model Including LWC Status
Predictor

β

OR

95% CI

p

Intercept

0.7196

Gender

0.7761

2.2

0.7 – 6.7

0.170

Family History

2.5373

15.4

4.5 – 52.3

< 0.001

Maternal Educationa

-0.9434

25.6

3.5 – 190.0

0.002

Late Word Combiner Status

3.7950

40.6

8.6 – 192.5

< 0.001

a

Referent education level is graduate degree.

We added LWC status as β4 to the SPELT-FVM classification model, yielding
equation 3.4:
P (Y = 1) =

1
1 + exp(−0.7196 − 0.7761 ∗ X1 − 2.5373 ∗ X2 + 0.9434 ∗ X3 − 3.7950 ∗ X4 )
(3.4)

Five-fold cross-validation was performed to identify optimal cut-off values. After
initial examination of the sensitivity-specificity pairs for the full range of cut-offs, the
target range was set to include all values from 0.10 to 0.50 in increments of 0.01.
Table 3.13 reports the four cut-off values within this range that maximized specificity
at each level of sensitivity. The corresponding likelihood ratios and DORs are also
reported. The cut-off value in this series that yielded the largest DOR was 0.43. At
this value, LR+ is above 3.0 and LR- is only slightly above 0.10. Thus, children who
score below this cut-off are very unlikely to be at risk for developing SLI (i.e., 45%
decrease over pretest probability), whereas children who score above the cut-off have
an increased likelihood of developing SLI (i.e., 20% increase over pretest probability).
We examined two scenarios for each example infant using equation 3.4. Thus, if
Infant A (see Table B.1) were not combining words by 24 months (1c), the equation
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Table 3.13
Sensitivity, Specificity, and Likelihood Ratios for Selected SPELTFVM Model with LWC Status Probability Equation Cut-off Values

Cut-off

Sensitivity (%)

Specificity (%)

LR+

LR-

DOR

0.14

95

47

1.81

0.11

16.88

0.28

94

62

2.43

0.10

23.65

0.36

93

64

2.55

0.12

21.86

0.43

91

72

3.24

0.12

26.81

Note. The optimal cut-off value appears in bold.

would yield a risk score of 0.67 indicating that this child is likely to develop SLI. If,
however, Infant A were combining words by 24 months (1d), the equation would yield
a risk score of 0.05 indicating that this child is extremely unlikely to develop SLI. If
Infant B (see Table B.2) were not combining words by two years (2c), the equation
would yield a risk score of 1.00 indicating that this child is very likely to develop
SLI. If Infant B were combining words by 24 months (2d), the equation would yield
a risk score of 0.96 indicating that this child’s risk of developing these deficits has
not changed even though word combinations are on target. If Infant C (see Table
B.3) were not combining words by 24 months (3c), the equation would yield a risk
score of 0.84 indicating that this child is likely to develop SLI. In contrast, if Infant
C were combining words by 24 months (3d), the equation would yield a risk score
of 0.11, indicating low risk for developing SLI. Thus, equation 3.4 yielded definitive
scores for all three infants across the six test scenarios – a marked improvement over
the performance of the original three-factor model.
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3.7

Comparing Accuracy Across Models
In order to compare the accuracy of the four derived probability equations, we

examined values for sensitivity, specificity, LR+, LR-, and DOR at the optimal cutoff values for each model. Table 3.14 provides the compared quantities. Among
those equations that did not include LWC status, the one derived for the SPELTFVM classification group exhibited greater sensitivity and a lower LR-. The DOR
was also slightly higher. A large DOR increase was noted for the equations that
included LWC status. Furthermore, the specificity and LR+ values for the latter pair
of equations were higher while the LR- values were lower at nearly identical levels of
sensitivity. Overall, the SPELT-FVM classification model with LWC status was the
most accurate.
Table 3.14
Probability Equation Comparison Data at Optimal Cut-off Values
Risk Factor Model

Cut-off Sensitivity

Specificity

LR+

LR-

DOR

(3.1) SPELT

0.34

91

30

1.31

0.30

4.35

(3.2) SPELT-FVM

0.25

94

25

1.25

0.24

5.10

(3.3) SPELT w/ LWC

0.29

95

58

2.24

0.09

23.87

(3.4) SPELT-FVM w/ LWC

0.43

91

72

3.24

0.12

26.81
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4. DISCUSSION
The purpose of this study was to develop a risk factor model that could be used as an
early screening tool for identifying infants at risk for developing SLI. We also sought
to improve upon the models developed in previous studies by including the most
theoretically and empirically motivated risk factor variables in the current literature,
reducing, as much as possible, the heterogeneity among our clinical sample, and
introducing a behavioral measure that was likely to be associated with longitudinal
grammatical development. We found that this combination of factors resulted in a
model with a reasonable level of accuracy that could be used to screen children as
young as 24 months of age.
In the following sections, we first review the limitations of the study. Next, we
analyze our two original risk factor models by considering their similarities and differences. Then, we explore the effects of adding a behavioral measure to these models.
Finally, we return to the goals of the study by examining the possibility of using a risk
factor model as a newborn screening tool and comparing the most accurate model
in our study to those developed in previous studies as well as to early identification
screening tools and techniques used in current clinical practice.

4.1

Limitations
The primary limitation of this study was the near complete reliance on parent

report for information pertaining to risk factor variables. This introduced two complications. First, if a parent did not provide a response to any of the proposed
questions, for example, because the information was unknown or forgotten, that child
was automatically removed from the analyses. Fortunately, subject loss was minimal for the first two models since they contained very few risk factors; however, a
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substantial number of participants (approximately 50) were eliminated from the two
models that contained LWC status because this developmental milestone was often
forgotten by the parents of both SLI and TD participants. We cannot predict how
our models might have fared if these participants had been included, but the use
of cross-validation ensured that the reported sensitivity and specificity levels were
derived from several different participant samples, increasing the likelihood that our
results are generalizable beyond the participants in the current study. The second
complication involves the possibility of inaccurate parent report. This problem may
be particularly prevalent due to the retrospective nature of our study design. In particular, parents may misremember certain risk factor details based on their children’s
subsequent development. For example, parents of children with SLI may mistakenly
conjecture that their children’s language skills were always delayed, whereas parents
of typically developing children may be more likely to remember that language development was always within normal limits. Such unconscious biases could have inflated
the association between late word combining and SLI status. Although we could not
ensure the accuracy of parent report, exact responses were not generally required
because most of the risk factors were coded dichotomously or categorically. Furthermore, the likelihood of inaccurate reporting is low for information such as parent
education levels, birth order, and family address. Ideally, parent report information
should be independently verified; however, this was not a possibility in the current
study.
A second limitation of this study is the use of a referred sample as opposed to a
population sample. It is possible that the children in the SLI and TD groups were
more distinct than would be observed in the general population. For example, we
found that the scores of the SLI group were significantly lower than those of the TD
group on all standardized tests. This, however, is not an uncommon finding (Leonard,
1998). We also found that several risk factors were significantly more prevalent among
the SLI participants, although this was not the case for all variables. In particular,
the SES levels of the two participant groups were not significantly different suggesting
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that both groups had similar economic advantages. Furthermore, the participants in
each diagnostic group covered the full range of possible risk factor combinations. For
example, in the both the SLI and TD groups there were female children who had
no family history and mothers with graduate degrees, as well as male children with
positive family histories and mothers who had no more than a high school diploma.
Nonetheless, future research exploring risk factor models should endeavor to test these
models on population rather than convenience samples to ensure that both the clinical
group and the control group are accurately represented.
A final limitation of the study involves our strict inclusionary criteria. By using
the SPELT and FVM composite as our classification measures, we effectively defined
SLI as an impairment in the productive use of grammatical morphology and syntax.
Although these particular deficits characterize the most common SLI phenotype, there
is a smaller proportion of children with SLI who exhibit slightly different symptoms.
It is possible that the models created in the current study would not be sufficient
to identify this subset of children and that a different group of predictors might be
associated with their unique diagnostic status.

4.2

SPELT Classification Model vs. SPELT-FVM Classification Model
We employed two classification schemes in the current study – diagnosis by the

SPELT alone vs. diagnosis by the SPELT in combination with the FVM composite.
We anticipated that the SLI children classified by the latter scheme would represent
a more homogeneous sample, that is, one particularly characterized by deficits in
tense and agreement morpheme use. Our prediction that the model derived for the
homogenous group would be more accurate was not definitively confirmed; however,
the similarities and differences across the two models introduce topics for further
consideration.
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4.2.1

Similarities Across Models

Both the SPELT and SPELT-FVM classification models included family history
and maternal education level as key predictors of language outcome. Although family
history is generally considered a mark of the heritability of the disorder, some have
argued that children with a positive family history are likely to live in an environment
where language input is less than optimal. Low maternal education level is primarily
thought to affect the kind of language input a child receives, but some suggest that
a mother’s education level might reflect a certain genetic predisposition for academic
success or failure. Thus, our findings confirm our initial prediction that those risk factors with both a genetic and environmental influence will be most strongly associated
with an outcome of SLI.
Having a family history of speech, language, reading, or other communication
disorders has long been considered a red flag in studies of SLI. Previous reports suggest
that a positive family history is, on average, two to three times more prevalent among
children with SLI than among children with typically developing language (Bishop
et al., 2012; Tallal et al., 2001). Similarly, in the current study, a positive family
history was found in approximately 60% of the children diagnosed as SLI, whereas the
prevalence among TD children was in the range of 20% to 30%. Positive family history
is not only more common among children with SLI, but also significantly increases
a child’s chance of developing the disorder. Among a host of other risk factors,
including perinatal infections, very low birth weight, difficulty breathing, exposure to
ototoxic drugs, deviations in sucking and feeding behavior, presence of birth defects,
and need for blood transfusion, a family history of speech and/or language problems
in first degree relatives was the strongest predictor of later communication status
in the study by Tomblin et al. (1991). Similarly, in the current study, children
with a positive family history were four to six times more likely to develop SLI than
children without a family history. Furthermore, this variable was associated with the
highest beta weight in both the SPELT and SPELT-FVM classification probability
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equations, indicating that a positive family history contributes more SLI risk than
any other variable. Nonetheless, not every child with a positive family history goes on
to develop SLI suggesting that this variable may operate in combination with other
risk factors to influence the development of the disorder.
The prevalence of low maternal education is consistently reported to be higher
among children with SLI than among children with typically developing language
(Tomblin, Smith, & Zhang, 1997; Stanton-Chapman et al., 2002). Furthermore,
these studies indicate that the odds of developing SLI are significantly greater for
children whose mothers have less than 12 years of education. In our participant
sample, we found that individuals whose mothers had a high school diploma or less
were 14 to 18 times more likely to develop SLI than children whose mothers had a
graduate degree. Not only does maternal education appear to be a strong predictive
variable, but studies suggest that its influence may be greater than that of other
highly correlated measures. For example, Dale et al. (2003) reported that mothers
highest level of education was more strongly associated with child language outcome
than any other SES-related measure, including maternal occupational status, paternal
occupational status, and paternal education level. Likewise, in the current study,
maternal education level was more predictive of SLI status than paternal education
or the census-based SES measures. Our results suggest that the associations between
the latter variables and language outcome observed in previous studies may have been
mediated by maternal education level.

4.2.2

Differences Across Models

Although they were quite similar overall, a few differences were observed across
the SPELT and SPELT-FVM classification models. The first and most striking difference was the inclusion of gender in the SPELT-FVM classification model whereas,
in the SPELT classification model, gender was excluded at Step 2 of the step-wise
regression procedure. We had predicted that gender, as a purely genetic risk factor,
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would be less likely to contribute to the model than environmental risk factors, such
as paternal education, SES, and birth order. In fact, no previous studies have found
gender to be a significant predictor of expressive language outcomes. The discrepancies observed between the current study and previous studies as well between the
SPELT and SPELT-FVM classification models may be a result of our attempts to
reduce heterogeneity in the SLI participant group. In particular, by using the FVM
composite to include only children whose disorder was characterized by deficits in
grammatical morphology, we may have focused in on a group with greater genetic
commonalities. In this case, we would expect genetic factors, such as male gender
and positive family history to be more strongly associated with SLI status. This
would explain an additional discrepancy between the SPELT and SPELT-FVM classification models. The beta weight associated with family history was almost 30%
greater in the SPELT-FVM classification model than in the SPELT classification
model, whereas the beta coefficient for maternal education was only slightly different
across the two models. These results indicate that genetic factors play a greater role
in predicting language outcomes when the clinical subject pool is characterized by
specific grammatical deficits.

4.2.3

Excluded Factors

Several factors were consistently excluded across the SPELT and SPELT-FVM
classification models. These included all of the developmental factors (i.e., birth
weight, preterm birth) and certain environmental factors (i.e., SES, birth order, paternal education).

Development Factors
We had hypothesized that developmental factors would be the poorest predictors
of SLI status. Of interest, however, was the finding that the prevalence of preterm
birth was significantly higher among the SLI participants than among the TD partic-
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ipants (SPELT classification). This would explain why preterm status was one of the
last variables to be eliminated during the step-wise procedure for the SPELT classification group. Based on the findings of previous studies (e.g., Weindrich et al., 2000),
it is possible that preterm status may be a stronger predictor of language outcomes
for younger participants than for older participants. Nonetheless, the results of this
study and previous studies suggest that the effects associated with low birth weight
and preterm birth are not likely to contribute to the development of specific deficits
in grammatical morphology and syntax.

Environmental Factors
Our census-based SES variables were not unlike the SES measures used in previous
research. In the study by LaParo et al. (2004), the SES measure, income-to-needs
ratio, was calculated by dividing the total family income by poverty level income. In
the Reilly et al. (2010) study, one of the variables used to derive the Index of Relative
Disadvantage was the percentage of people within the census region with very low
incomes. Despite the similarities in the measures, the results from our study were
vastly different from those of these two previous studies. We found no significant
differences in SES between our SLI and TD groups, and percentage of families below
the poverty level did not emerge as a meaningful predictor of language status in our
risk factor models. The deviation of our results from those of previous studies may be
due to the fact that our measures were too imprecise. Our smallest unit of measure
was the census tract and Tippecanoe census tracts, on average, contain 2,722 housing
units. Income and poverty variables averaged across thousands of households may
not be exact enough to represent individual families living within the census area. A
second possibility is that we eliminated those SES measures that might have predicted
language outcome because they were correlated with parent education levels. The
association between parent education and SES was not explored in previous risk
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factor model studies. If these studies had eliminated highly correlated SES variables,
they may have obtained results similar to those of the current study.
Although birth order has been associated with an outcome of SLI in two previous
studies (Reilly et al., 2010; Stanton-Chapman et al., 2002), the odds ratios associated
with this variable have been quite low. Furthermore, Reilly et al. did not include
birth order in their risk factor models due to the inconsistency in the associations
they observed, that is, third born children were at higher risk of developing SLI, but
fourth born children were not. Low birth order was not more prevalent among our SLI
participants; thus, it is not surprising that birth order was not a significant predictor
of language outcome in the current study.
We were surprised, however, to find that paternal education level was not retained
in either risk factor model. Low paternal education level was significantly more prevalent among children with SLI than among TD children. Additionally, our statistical
analyses indicated that maternal and paternal education levels were highly correlated.
Paternal education level has received less attention in the literature than maternal education level, perhaps because it is assumed that mothers are the primary providers
of language input. However, those studies that have included paternal education
have found that father’s education level is strongly associated with communication
status (Tomblin et al., 1991) and that children whose fathers had less than a high
school degree were three times more likely to develop SLI than children whose fathers
completed college (Tomblin, Smith, & Zhang, 1997). Nonetheless, maternal education generally exhibits stronger associations with child language development than
paternal education (e.g., Dale et al., 2003). Of interest, however, was our finding
that paternal education exhibited higher correlations with the SES measures. This
indicates that paternal education level may be a better proxy for SES than maternal
education level.
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4.2.4

Summary

Both the model developed to predict general language deficits (SPELT classification model) and the model developed to predict particular deficits in grammatical
morphology (SPELT-FVM classification model) included two of the most commonly
identified risk factors in the literature – family history and maternal education. The
addition of gender in the SPELT-FVM classification model indicates that morphologyspecific deficits may stem from a more unified genetic basis than do broader language
deficits. The exclusion of developmental factors from both models suggests that the
language-specific effects of these variables are minimal, whereas the exclusion of a
variety of environmental factors suggests that maternal education may mediate the
association between language outcome and other SES-related influences.

4.3

Late Word Combiner Status
In the second phase of this study, we added LWC status to the risk factor models.

This particular measure was selected because it was one of the easiest language milestones for parents to remember retrospectively and because it is likely to be associated
with longitudinal grammatical development. The addition of this variable substantially increased the accuracy of both risk factor models, indicating that it may be a
particularly strong predictor of language outcomes. However, it is possible that other
behavioral measures not considered in the current study may be equally or more effective at predicting diagnostic status. For example, several longitudinal studies have
found that children with early receptive language delays are at greater risk for persistent language impairments (e.g., Bishop et al., 2012; Henrichs et al., 2011). Other
studies have shown that children who use fewer conventionalized, symbolic, communicative, or spontaneous gestures between 18 and 32 months have poorer outcomes
(e.g., Thal et al., 1991; Thal et al., 1997). Still others suggest that processing speed
at 15 months may be a strong predictor of longitudinal language development (e.g.,
Fernald & Marchman, 2012). In future research, we hope to examine whether earlier
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developing behaviors, such as receptive language skills, gesture use, and processing
speed, may improve the accuracy of our risk factor model or even prove to be stronger
predictors of later language abilities than LWC status.

4.4

A Newborn Screening Tool
The primary goal of the current study was to develop a tool that would facilitate

universal newborn screenings in order to promote early identification of infants at risk
for developing SLI. Our two original models contained only risk factors that could
be identified at or before birth. These included family history, maternal education,
and, in the case of the SPELT-FVM classification model, gender. It would be simple
enough to implement such a screening tool in medical practice. The required information could be collected from the mother in a few short minutes and entered into
a probability equation algorithm. The risk score could then be compared against
the established cut-off value and the child’s risk level recorded. The parents would
subsequently be notified if early steps should be taken to prevent the development
of a disorder. Unfortunately, the effectiveness of this procedure is limited by the accuracy of the screening tool. Although the sensitivity of the two original risk factor
models was adequate, specificity was remarkably low. Over 70% of children who did
not have SLI would have been considered ‘at risk’ – an unacceptably high rate of
false positives. Of course, no direct intervention would be provided to infants; thus,
the financial disadvantage associated with low specificity would initially be minimal.
However, inaccurate identification may be a source of unnecessary stress for new parents. Furthermore, all ‘at risk’ children would have to be professionally monitored
at regular intervals, and, with such a high false positive rate, a large quantity of
professional time would be needlessly wasted.
There are some situations in which the results of a pure risk factor model might
yield useful information. This fact is illustrated by our hypothetical infant examples.
Infants A and B were designed to be extreme cases and Infant C was designed to
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be a questionable case. The two original models were unable to accurately classify
Infant C. Even in the case of Infant A, these models were inadequate based on our
later findings that Infant A’s risk of developing SLI would increase dramatically if
she were later found to be a late word combiner. Only in the case of Infant B do
the two original models yield a result that is consistently verified by later models.
Thus, our risk factor models may be able to accurately identify those infants who are
most at risk for developing SLI. However, until more precise information about the
underlying causes of SLI is available, it is unlikely that such a model could be used
effectively as a newborn screening tool.

4.5

Comparing Accuracy
A secondary goal of the current study was to improve upon previous efforts to

develop risk factor models. Among the four models derived in this study, the SPELTFVM classification model with LWC status was the most accurate. This finding
confirms two of our predictions: (1) risk factor model accuracy will increase as clinical
sample heterogeneity decreases and (2) the addition of a behavioral measure will also
increase model accuracy. The next step is to determine whether our approach yielded
a model that is more accurate than those developed in previous studies and to compare
our screening tool against those that are currently used in clinical practice.

4.5.1

Best Model vs. Previous Models

Table 4.1 provides the sensitivity, specificity, LR+, LR-, and DOR values for each
of the risk factor models identified by previous research groups. It is important to
note that the Tomblin et al. (1991) study did not report sensitivity and specificity
values for their full model. The values reported in Table 4.1 correspond to a model
that contained all contributing predictors except birth order.
By design, we selected a cut-off value for our risk factor model that would yield a
sensitivity level above 90%. Thus, it is not surprising that our risk factor model has
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Table 4.1
Accuracy Comparisons
Sensitivity

Specificity

LR+

LR-

DOR

Tomblin et al. (1991)

55

76

2.29

0.59

3.87

Dale et al. (2003)

19

98

9.50

0.83

11.49

LaParo et al. (2004)

67

74

2.68

0.44

6.09

Receptive Subgroup

75

68

2.34

0.37

6.38

Expressive Subgroup

82

73

3.04

0.25

12.32

Late Talker Statusa

46

92

5.75

0.59

9.80

TEGI Screenerb

80

86

5.71

0.23

24.57

SPELT-FVM w/ LWC

91

72

3.24

0.12

26.81

Risk Factor Models

Reilly et al. (2010)

Current Practices

Note. TEGI = Test of Early Grammatical Impairment
Values are estimated based on current evidence of late talker prevalence and recovery.
b
Values correspond to a criterion score of 47 for children between the ages of 3;0 and
3;5.

a

the highest sensitivity score among those previously reported. The specificity level
of our model is competitive with the others; however, it is not remarkably high. The
likelihood ratios paint a more definitive picture – the LR- value of our model is the
lowest in the series while the LR+ value is the second highest. As a result, the DOR
of our model is higher than those calculated for the remaining five models, which
indicates that our model is also the most accurate. Furthermore, our model could
be implemented as early or earlier than every other model except that developed
by Tomblin et al. (1991). All other models incorporated behavioral predictors that
cannot be measured until a child’s second or third birthday.
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4.5.2

Best Model vs. Current Practices

Currently, there are no universal or standardized procedures for identifying SLI
in young children. However, some screening practices are being implemented with
children as young as two or three years of age, and efforts are being made to provide atrisk toddlers with the intervention services they require. Two such screening protocols
are described below.

Late Talker Status
The most prominent screening method, and one that is typically implemented by
medical professionals, involves referring toddlers who are not talking or have very
small vocabularies to a speech-language pathologist for further assessment. These
children, known as late talkers, have been studied longitudinally by a number of
research groups. The prevalence of late talking among two-year-olds is estimated at
13% (Zubrick et al., 2007). However, rates of improvement are reported to be within
the range of 48% to 57% by the ages of three and four (Rescorla & Schwartz, 1990;
Paul, 1993) and 75% to 96% by kindergarten (Paul, 1996; Ellis Weismer, 2007). In
order to determine the sensitivity and specificity of using late talker status as the
standard for early identification of SLI, we offer the following scenario.
Assuming a population of 100 two-year-olds, 13 children would be late talkers
and 87 children would exhibit typical language development. Among the late talkers,
fewer than 50% of the children will continue to exhibit deficits at the age of four leaving 6 children with persistent impairments. Among the typically developing group,
approximately 8% will develop language impairments by the age of four (Dale et al.,
2003), adding 7 children to the impaired group. Thus, when this cohort of 100 children
reaches the age of four, there will be 13 children who exhibit language impairments
and 87 who do not. If we use late talker status as our early identification criterion, 6
out of 13 four-year-olds in the SLI group would have been correctly classified at the
age of two (sensitivity = 46%). Conversely, 80 out of 87 typically developing children
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would have been correctly identified (specificity = 92%). The likelihood ratios and
the DOR associated with late talker status are reported in Table 4.1. Although the
LR+ of late talker status is higher than that of our model, sensitivity is much too
low to be considered adequate for screening purposes and the overall accuracy of this
measure is lower than that of our risk factor model. These results suggest that late
talker status may be a meaningful predictor of later language outcomes, but that
other risk factors should be simultaneously considered to ensure greater diagnostic
accuracy.

TEGI Screener
A second screening tool that is reported to be highly accurate at identifying children three years and older who are at risk for developmental language delays is the
Rice/Wexler Test of Early Grammatical Impairment Screener (TEGI Screener; Rice
& Wexler, 2001). The TEGI Screener assesses production of third person singular
–s, regular past tense –ed, and irregular past tense forms. The probes take approximately 10 minutes to administer and the authors recommend a cut-off score of 47
for children between the ages of 3;0 and 3;5. The psychometric characteristics associated with this cut-off score are reported in Table 4.1. The specificity and LR+ of
the TEGI Screener exceed the values for the SPELT-FVM classification model with
LWC status; however, the sensitivity and LR- of our risk factor model exceed those
of the TEGI Screener. Overall, the risk factor model is slightly more accurate than
the TEGI Screener according to the DOR values associated with these two screening
tools. Furthermore, the risk factor model is intended for use with children who are
24 months old, that is, a full year before the TEGI Screener could be administered.
These comparisons suggest that the SPELT-FVM classification model with LWC
status is more sensitive than previous risk factor models and current clinical screening
measures. In addition, our model yielded the highest level of classification accuracy
and can be used as early or earlier than other risk factor models and early identifica-
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tion tools. Note, however, that our model is based on limited sample of Midwestern
children. Therefore, further verification is needed before we can make definitive statements regarding the model’s universal efficacy or recommend its use in professional
settings.

4.6

Conclusions
The results of this study suggest that risk factor models are not definitive enough

to be used as newborn screening tools. However, a risk factor model based on family
history of communication and reading disorders, maternal education level, gender,
and word-combining status at 24 months may provide better insight into the SLI risk
status of toddler-age children than any previously developed or currently implemented
screening methods. Although further verification of the model is required, such a tool
could be easily administered during regular pediatric check-ups, and children who are
found to be at risk could be referred for further testing. This approach could both
advance our current methods of early identification and ultimately lead to better
long-term social, academic, and vocational outcomes for children with SLI.
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A. STEPWISE LOGISTIC REGRESSION RESULTS

Table A.1
Stepwise Logistic Regression Analysis for the SPELT Classification Group
Step
Start

1

2

3

4

5

6

Variables Included
Gender
Family History
Maternal Education
Paternal Education
Birth Order
Preterm Status
Birth Weight
Below Poverty Level
Gender
Family History
Maternal Education
Paternal Education
Preterm Status
Birth Weight
Below Poverty Level
Family History
Maternal Education
Paternal Education
Preterm Status
Birth Weight
Below Poverty Level
Family History
Maternal Education
Paternal Education
Preterm Status
Birth Weight
Family History
Maternal Education
Paternal Education
Preterm Status
Family History
Maternal Education
Paternal Education
Family History
Maternal Education

Variable Removed
N/A

AIC Value
234.74

Birth Order

233.43

Gender

232.76

Below Poverty Level

232.02

Birth Weight

231.56

Preterm Status

230.47

Paternal Education

230.15
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Table A.2
Stepwise Logistic Regression Analysis for the SPELT-FVM Classification Group
Step
Start

1

2

3

4

5

Variables Included
Gender
Family History
Maternal Education
Paternal Education
Birth Order
Preterm Status
Birth Weight
Below Poverty Level
Gender
Family History
Maternal Education
Paternal Education
Birth Order
Preterm Status
Below Poverty Level
Gender
Family History
Maternal Education
Paternal Education
Birth Order
Preterm Status
Gender
Family History
Maternal Education
Paternal Education
Birth Order
Gender
Family History
Maternal Education
Birth Order
Gender
Family History
Maternal Education

Variable Removed
N/A

AIC Value
180.07

Birth Weight

178.45

Below Poverty Level

176.95

Preterm Status

175.48

Paternal Education

174.75

Birth Order

174.42
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B. EXAMPLE SCENARIOS

Table B.1
Example Scenarios for Infant A
Risk Factor Model

Best-fit Variables

X

Score

Cut-off Status

SPELT

Family History

0

0.22

below

Maternal Education

4

Gender

0

0.16

below

Family History

0

Maternal Education

4

Family History

0

0.71

above

Maternal Education

4

LWC Status

1

Family History

0

0.09

below

Maternal Education

4

LWC Status

0

Gender

0

0.67

above

Family History

0

Maternal Education

4

LWC Status

1

Gender

0

0.05

below

Family History

0

Maternal Education

4

LWC Status

0

SPELT-FVM

(1a) SPELT w/ LWC

(1b) SPELT w/ LWC

(1c) SPELT-FVM w/ LWC

(1d) SPELT-FVM w/ LWC
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Table B.2
Example Scenarios for Infant B
Risk Factor Model

Best-fit Variables

X

Score

Cut-off Status

SPELT

Family History

1

0.90

above

Maternal Education

1

Gender

1

0.96

above

Family History

1

Maternal Education

1

Family History

1

0.99

above

Maternal Education

1

LWC Status

1

Family History

1

0.84

above

Maternal Education

1

LWC Status

0

Gender

1

1.00

above

Family History

1

Maternal Education

1

LWC Status

1

Gender

1

0.96

above

Family History

1

Maternal Education

1

LWC Status

0

SPELT-FVM

(2a) SPELT w/ LWC

(2b) SPELT w/ LWC

(2c) SPELT-FVM w/ LWC

(2d) SPELT-FVM w/ LWC
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Table B.3
Example Scenarios for Infant C
Risk Factor Model

Best-fit Variables

X

Score

Cut-off Status

SPELT

Family History

0

0.36

slightly above

Maternal Education

3

Gender

0

0.30

slightly above

Family History

0

Maternal Education

3

Family History

0

0.83

above

Maternal Education

3

LWC Status

1

Family History

0

0.17

below

Maternal Education

3

LWC Status

0

Gender

0

0.84

above

Family History

0

Maternal Education

3

LWC Status

1

Gender

0

0.11

below

Family History

0

Maternal Education

3

LWC Status

0

SPELT-FVM

(3a) SPELT w/ LWC

(3b) SPELT w/ LWC

(3c) SPELT-FVM w/ LWC

(3d) SPELT-FVM w/ LWC
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